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Abstract 
One of the most relevant pieces of information for cooperative driver assistance systems based on car to infrastructure 
communication is the upcoming signal state at signalized intersections. For example, functions like Green Light Optimized Speed 
Advisory need a short term forecast of the switching times. Unfortunately, in case of vehicle actuated control these switching 
times cannot be easily determined and need to be estimated using probability theory. In this paper different driver assistance 
functions and their respective requirements on the precision of the prediction are discussed. In order to assess the reliability of 
existing prediction methods, a well-known algorithm based on Markov chains is evaluated using a microscopic simulation study. 
The internal Markov states are represented by combinations of signal states and corresponding detector counts. In the model 
which is used for simulation two existing urban intersections are considered: Whereas one of the intersections is characterized by 
public transport priority, the signal times at the other intersection are adapted with respect to private cars only. Based on the 
results of the simulation study the performance and the deficiencies of the known Markov-chain based prediction method are 
analyzed in order to derive starting points for the development of an extended approach which takes additional constraints into 
consideration. Both, the known and the extended prediction method are then evaluated with respect to the specific requirements 
of the driver assistance functions. Based on the evaluation conclusions are drawn and recommendations for the application of the 
methods are given. 
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1. Introduction 
1.1. Problem 
During the last decades, several strategies have been developed to adapt the traffic signal control to the actual 
traffic flow. This includes adaptive signal control on a single intersection as well as a coordination of at least 
subsequent intersections. On the infrastructure side, the offset between the signal timings of neighboring 
intersections is determined by the distance between intersections and a supposed constant vehicle speed. 
In 1983, the research project “Wolfsburger Welle” attempted a different approach by submitting a dynamic speed 
advisory to car drivers via infrastructure-to-car communication (Menig 2011). Furthermore, we refer to this driver 
assistance function by the acronym GLOSA (green light optimal speed advisory). The acronym C2I for 
communication between cars and infrastructure items is used here independently of the communication direction. 
Since then, more use cases for C2I communication and the technology itself have been refined in order to enter the 
consumer market. In the same time, vehicle actuated traffic control methods have become more and more common. 
However, as the decisions taken by vehicle actuated control are event driven and directly depend on the traffic flow, 
the traffic signals can be forecasted easily only for a very short period. Thus there is a need for a probabilistic 
prediction method which can be used for several car-to-infrastructure use cases. Along some routes in 
Braunschweig, there have been installed WLAN units nearby the intersections along with other technology in order 
to offer car-to-infrastructure use cases in a real environment. 
There have been some studies working on signal prediction topics. In general, historic data of signal changes is 
used. For instance, Koukoumidis et. al. (2011) use smartphones to gather traffic signal changes to feed their Support 
Vector Regression prediction model. Other scientists like Krumnow et. al. (2014) use a probability vector similar to 
the Markov-chain model in the project “Travolution” (Menig et. al., 2008). 
1.2. Purpose and methodological approach 
There is no recommended prediction approach which meets the requirements of specific C2I use cases. 
Therefore, an existing prediction method for the switching times of traffic signals is evaluated with regard to the 
requirements of three distinct C2I use cases: The Markov-chain based approach developed in the project 
“Travolution”.  
The investigation consists of two parts: The theoretical part explains the treated C2I use cases and develops the 
evaluation method and the requirement levels. In a next step the requirements for each use case are defined. Specific 
error metrics allow quantifying the level for a number of requirements. The practical part consists of a microscopic 
traffic simulation case study representing a network of multiple vehicle actuated intersections in the city of 
Braunschweig. If the prediction method fulfills all requirement levels for different traffic control methods, it is 
considered suitable for the tested C2I use case. 
2. The signal prediction methods and the driving assistance functions 
2.1. Driving assistance functions 
2.1.1. Green light optimal speed advisory 
The Green light speed advisory aims at diminishing the stops of equipped vehicles to make driving more 
environmentally friendly. While a driver is approaching a signalized intersection, the vehicle receives the prediction 
of the signal states. The optimal speed is calculated taking into account the upcoming signal states, the vehicle’s 
current speed and its distance to the traffic light. Local congestion and the chosen route may influence the optimal 
speed. The proposed speed to pass the intersection without stop is specified within the range of accepted speeds and 
acceleration/deceleration in urban networks. Ideally, this could lead to smoother speed trajectories and less stops. 
However, the interaction with other (non-equipped) motorists might counteract the objective. 
Usually one tends to drive as fast as allowed, so the driving assistance function focuses mainly on deceleration to 
delay the arrival at the next intersection. We suppose an accepted speed range from 30 to 50 km/h and a deceleration 
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of 2 m/s2. The lower bound of the prediction time horizon is given by the time for sending a message to a vehicle, its 
reaction time and a possible brake to standstill. 6 s seem to be enough for passenger cars, 10 s would be suited for 
public transport. The upper bound of the time horizon depends on how long one can delay the arrival at an 
intersection. In order to have an impact on fuel consumption, the earlier GLOSA knows about the signal green time 
the better it is. In an urban road network, the distance between two subsequent stop lines rarely exceeds 500 m. This 
implies a maximum time horizon of 36 s to travel 500 m at 50 km/h. However, concerning safety issues the first 
seconds of the time horizon are crucial: A sudden change of the green time probability between two consecutive 
predictions may counteract an emergency brake in time. It is not conceivable to enter an intersection on red and 
neither should the prediction insinuate it. In conclusion, the prediction of a green time which ends later than in 
reality is a more crucial issue than the prediction of a green time which ends earlier. 
2.1.2. Countdown signal 
A countdown timer shows the remaining time until the next switch of this signal to pedestrians and waiting car 
drivers. The information can be displayed either in the vehicle or nearby the signal. Like for GLOSA, the 
information is generated using signal prediction. Mainly, this use case aims to reduce the number of pedestrians 
crossing at red and car drivers ignoring the signal. To have an overview of the red time, a prediction time horizon of 
around 40 s seems fair in most cases. As most road users already stand still when watching the countdown, 
erroneous predictions create much less risk than they would if used by GLOSA. A contradiction between the signal 
and the countdown timer might induce confusion among the road users and lead to dangerous situations. 
2.1.3. Start-stop assistant 
The start-stop assistant is defined as a sort of countdown signal but restrained to a very short time horizon before 
the green time. Recent cars feature engines with a start-stop mechanism triggered by gearshift. Car drivers 
experience a short delay while the engine is starting. The assistant helps the first driver at the stop line to slightly 
anticipate the green time and to avoid the delay. A time horizon of 5 s seems sufficient which reduces the degree of 
possibly dangerous situations. We distinguish between the start-stop assistant and the countdown signal because 
both have their own requirement levels. 
2.2. The prediction method 
In the research project “Travolution“, a GLOSA prototype including a prediction method for upcoming signal 
changes was developed and evaluated in a field trial (Menig et al. 2008). In the following sections the method is 
described according to the information given in the original publication by Menig et al. (2008). 
2.2.1. Input data 
The prediction method for the signal times relies on detailed information about the specific traffic control 
program. This is true during the design process as well as during the operation. Basic data requirements concern the 
definitions of signal groups, stages and transitions and the cycle time if used. Further insight into the decision logic 
of the traffic control with its input parameters like detector occupancy allows for an improved prediction. 
Recordings of these data are used once to compute the probabilities used in the Markov Graph. In the operation 
mode, the relevant design parameters with their current value have to be supplied to determine the active Markov 
state. At least the cycle second and the signal aspects have to be known. It would be preferable to know the current 
signal stage or transition and some directly traffic adaptive parameters.  
2.2.2. Markov graph 
A graph consists of nodes connected by edges. The Markov graph is a special directed graph used for probability 
calculus: Edges are associated to change probabilities and nodes to state probabilities. Nodes symbolize Markov 
states and the edges transitions to a different Markov state. The states have to comply with the Markov property. 
This means that their occurrence in the graph traversal depends only on a directly preceding state. The main 
component of the prediction method consists of a customized Markov graph for one specific traffic control. The 
graph topology and its state semantics recreate the signal stage sequence diagram and constraints taken from the 
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decision logic. Each element of the signal stage sequence diagram is represented by at least one Markov state. 
Besides a reference to a signal stage or transition, additional states may comprise decision logic parameter values. 
Every state definition is checked against the current values from the traffic control. If more than one state meets all 
conditions of its definition, a precedence rule is applied: The state with the most conditions is set as the active state 
in our Markov graph. This way, we obtain a clear attribution of a traffic control state to our Markov graph. 
Recordings of the input data described above allow us to determine the corresponding Markov state on a second by 
second base. If the Markov state changes between two subsequent seconds, we take note of the related states and the 
cycle second. Out of this we create a state change probability matrix per cycle second: The probability is defined as 
the number of state changes in relation to the times we were in this state in the previous cycle second.  
2.2.3. Mode of operation 
During operation time, the prediction method receives the same input parameters as used for the state change 
probability matrices. The current Markov state is determined and set to a probability of 100 % for the prediction 
second 0. The probabilities of future seconds within the time horizon are calculated as follows: The probability 
vector of one second multiplied by the appropriate state change matrix produces the vector of the following second. 
The diagonal of the state change matrix allows remaining in a Markov state for several seconds. 
The driving assistance functions using the prediction require signal state changes rather than Markov states of an 
internal model. From the signal stage or transition associated with a Markov state and its predicted duration, one can 
deduce the signal aspects in this situation. Green is represented by 1; all other signal states are given by 0. The 
prediction result is defined as the signal states of every Markov state weighted by their probabilities. We get a 
matrix of every signal group by every prediction second showing us the probability of the signal state green. The 
signal changes are generated by the application of a probability threshold of 70 % for green time. 
3. Evaluation and further development of the prediction method 
3.1. Prediction method requirements 
The prediction method is evaluated by comparing specific indicators on the signal group level with the 
requirements of each use case. These indicators should reflect the requirements well. We define three error metrics 
and the upper/lower bounds separately for each use case. In the case study, the deviation of the forecasted switching 
times is calculated using micro-simulation and is compared to the bounds. In case of exceeding a bound, the 
prediction method is not considered to be suitable for the respective use case. Figure 1 illustrates the error 
probability and switching time difference error metrics. The chosen requirement levels are given in Table 1. 
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Figure 1 Error metrics switching time difference and probability of error 
Table 1 Requirement levels 
  Error metrics 
C2I application Time horizon (s) Switching time difference tΔ Probability of error Prediction continuity 
GLOSA 40 p(-1 s ≤ tΔ ≤ 1 s) ≥ 50 %  
per signal group 
≤ 20 %, 
Increase with time horizon 
First 10 s of the time horizon 
Countdown signal 10 min(tΔ) = -1s, 
p(sign(tΔ)  = -1) ≤ 10 % 
≤ 20 % Whole time horizon 
Start-stop assistant 5 min(tΔ) = -3s, 
p(sign(tΔ)  = -1) ≤ 10 % 
≤ 20 % Whole time horizon 
3.1.1. Switching time difference 
All presented use cases need to assume a switching time of a signal. By means of a probability threshold 
pGreen = 70 % we assume every probability above the threshold to be part of the green time: The first second above 
the threshold is considered the green time switch and the first second below is considered the red time switch. We 
compare the predicted switching times with the real ones in the same time interval. In Figure 1, one can observe a 
switching time difference of 4 s between the predicted begin of green and the real occurrence of the event at cycle 
second 10. On a per signal group basis the switching time difference frequency distribution is calculated. The field 
test of “Travolution” is said to have had the most switching time differences for a time horizon between 10 and 60 s 
with a magnitude of 1 s (Braun et al. 2009). We want to compromise road safety the least possible and still make 
GLOSA working. That is why this use case accepts a maximum of 50 % of the predicted switching times are 
allowed to differ more than 1 second from the real switching time. Still it is preferable to predict switching times 
right at a higher share. Green times predicted earlier than they really occurred and red times predicted late are 
considered worse errors than their opposites. 
3.1.2. Probability of error 
The probability of error considers both the prediction result ([0;1] range) and the actual signal states ({0;1} 
range) as probabilities of the green time. For each single prediction, there is a corresponding real signal state. The 
absolute value of the difference between them is defined as the probability of error. We already know reasonable 
time horizons for our use cases when we want the probability of error to be low. Figure 1 shows a value of 45 % at 
cycle second 35. On a per signal group and per time horizon second basis the average probability of error is 
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calculated. A rising curve indicates a more confident short-term prediction in comparison to other gradients. This is 
useful when a driver approaches an intersection, as his opportunity to avoid a stop diminishes constantly. The 
remaining use cases need a very low probability of error during the first time horizon seconds for safety reasons.  
3.1.3. Prediction continuity 
The prediction continuity presents a different point of view on the prediction results than the preceding error 
metrics. For one point in time, there is a prediction at the end of the time horizon, at the beginning and from several 
instants between. For a continuity to exist, these predictions have to lead to the same effects in the use cases. This 
means having the same predicted absolute switching times for the whole duration of the time horizon. While this 
may not be the case for every single prediction, we want the method to have a good continuity during most of the 
time horizon. The maximum and minimum switching time differences as well as the share of correctly predicted 
switching times are plotted over the time horizon. The interval between the maximum and the minimum bound 
should stay small. For road safety reasons, all presented use cases need very accurate short term predictions to 
prevent accidents in the intersection to happen. 
3.2. Implementation 
Many intelligent transport system applications use simulation means to evaluate its mode of operation and the 
impacts with low cost. We use the microscopic traffic simulation Aimsun 6.1 together with its application 
programming interface to implement real world traffic control logic and our prediction method. The simulation run 
generates all prediction values which are in turn evaluated in a relational database. 
3.2.1. Case study area 
Our two case study intersections are situated next to each other along a route prepared for C2I. Both of them 
operate with a cycle time of 85 s and their specific single node adaptive traffic logic. They differ in the group of 
road users triggering signal changes. At intersection “K005”, a minor road with tram service crosses a major city 
road. It supports six trams per hour and per direction during most of the daytime. After having served the respective 
tram stop located in the intersection approach, the adaptive control ensures the tram’s passengers to experience the 
least delay possible. The tram is recognized by radio communication even before it arrives at the stop. This way the 
control knows 40 s in advance it has to serve the tram and chooses a signal strategy like showing a special signal 
stage or extending the green time of the next signal stages. The strategy is reviewed at further radio communication 
points. When the tram has passed the intersection, the next signal stages may be shortened to return to the standard 
signal plan. It is expected the prediction method copes well with public transport because the signal changes are 
known well in advance. There is however a stochastic influence due to the boarding time at the tram stop. While the 
first intersection is mainly influenced by public transport, the adjacent t-junction “K071” control adapts the signal 
program due to motorists, cyclists and pedestrians. For two directions, the presence of cars in the approach is 
detected. These motorists are given a special signal stage. Their green time duration depends on the traffic flow, too. 
Besides the motorists, cyclists and pedestrian have to push a button to pass one of the three road crossings. The time 
gap determined green time creates a major problem for our prediction method, as we don’t know exactly in advance 
how long it will last. Figure 2 shows the signal stage diagram for intersection “K071”. 
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Figure 2 Signal stage diagram of intersection "K071" 
In Aimsun, the road network has been recreated and given a synthetic traffic flow roughly based on metering 
data. We want our model to represent a weekday situation but to avoid big jams. The signal changes by adaptive 
traffic control should not be distorted by abnormal traffic flows. A time interval of 4 h comprising the morning 
traffic is simulated and predicted using a switching time probability threshold of 70 %. 
3.2.2. Evaluation of the classic Markov chain method 
The summary of the requirement levels used for the evaluation is given in Table 1. If the prediction method 
fulfills all criteria given right to the respective C2I application name, we consider it being suitable for a use with the 
C2I application. As explained before, the GLOSA application needs a longer time horizon than the others and has 
stricter requirements in general. The probability of error is plotted against the time horizon second on a per signal 
group basis. At the intersection “K005”, the metric increases during the first seconds of the time horizon and 
exceeds the limit of 20 %. Some signal groups perform better than others, because their green time is short and they 
are not modified directly by the traffic control logic. This results in a long red time easy to predict. At the 
intersection “K071”, the probability of error increases even up to 40 % at the end of the time horizon. The switching 
time differences are calculated for all signal groups of the two intersections. In general, the prediction rarely 
matches the switching time. Some signal groups get a share of switching time differences of at most ± 1 s above the 
required bound of 50 %. But for most them, the prediction method gets only the switching to green or the switching 
to red right. The short-term time horizon of 10 s leads to better results than the evaluation of the whole 40 s. Both 
intersections of the case study perform similarly with respect to the requirement levels. 
On a per signal group basis, the prediction continuity is derived from the distribution of switching time 
differences. These are plotted against the time between when the prediction was done and the next real switching 
time. If there is prediction continuity, the maximum and minimum lines are identical and completely horizontal. 
This means that each subsequent prediction indicates the same switching time independently of the time until the 
real switching point and that it shows the same behaviour during the whole simulation run. Ideally, the switching 
time difference should equal 0, too, for at least the 10 s time horizon. The outermost 10 % of our prediction are 
considered outliers, so only the maximum and minimum lines of the remaining 90 % are used in the evaluation. 
However, neither the green times nor the red times of several signal groups are predicted with continuity. Especially 
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the red times show big switching time differences between prediction and reality. Table 2 shows the worst signal 
group performance for each requirement level. 
 
 
Figure 3 Switching time differences at “K071” 
3.2.3. Further development and reevaluation 
Some assumptions made in the first evaluation step may be questionable. We have used only one set of state 
change matrices for the whole simulation indifferent of traffic flow. This means that changes in traffic flow and 
subsequent changes in the traffic logic behaviour are averaged out. This time, we use one hour slices of state change 
matrix sets with an exponential smoothing. The prediction method introduces some weakness by considering the 
signal stage duration only as noted in the state change matrices. For each cycle second, the state change matrix 
contains an entry p > 0 (except diagonal entries) if a state end occurs. If there are multiple cycle seconds for the 
change to one specific state, its probability may not reach 100 % until the last change second has passed. This way, 
all possible green times are cross-faded. Ideally, signal stage timings should be predicted with 100% probability and 
not beyond its maximum duration. This can be sorted out by considering previously known minimum and maximum 
signal stage durations. While the minimum stage duration has not been reached, the state change matrix is ignored. 
When the maximum stage duration has been reached, the remaining Markov state probability is distributed to 
successor states from the state change matrix set. This may include all adjacent states from the Markov graph 
independently of the cycle second. Between the minimum and maximum bounds, the state change matrix is used as 
before. 
The reevaluation summarized in Table 2 follows the criteria already presented in Table 1. While the switching 
time differences have been reduced in most cases by using the signal stage duration heuristic described above, their 
outlier values remain above the imposed limits. 
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Table 2 (Re) Evaluation of both intersections “K005” and “K071” 
 Error metrics 
C2I 
application 
Switching time difference tΔ Probability of error Prediction continuity 
Evaluation  First Modified First Modified First Modified 
GLOSA p(-1 s ≤ tΔ ≤ 1 s) < 50 % 
for some signal groups 
(see Figure 3) 
p(-1 s ≤ tΔ ≤ 1 s) < 50 % for 
some signal groups 
(see Figure 3) 
32 % 11 % No No 
Countdown  
signal 
min(tΔ) = -561 s 
p(sign(tΔ) = -1) = 19 % 
min(tΔ) = -77 s 
p(sign(tΔ)  = -1) = 3 % 
14 % 3 % No Begin of 
green time 
Start-stop  
assistant 
min(tΔ)=-561 s 
p(sign(tΔ) = -1) = 20 % 
min(tΔ) = -77 s 
p(sign(tΔ)  = -1) = 1 % 
8 % 2 % No Begin of 
green time 
 
During the short-term time horizon of 10 s, all signal groups are predicted within 1 s from the real switching time 
for more than 50 % of the time. The begin of green is still better predicted than the ending. The same observation 
can be made with regard to the prediction continuity: While short-term (10 s) predictions of the green time can be 
considered quasi-continuous, predictions of the red times can’t. Figure 4 shows the prediction continuity of one 
exemplary signal group. The interval of switching time differences (striped area in Figure 4) for the green time 
narrows down to a correct prediction already 30 s before the real signal switching takes place, the interval for red 
times only 10 s before the event. Another viewpoint related to the prediction continuity is the share of predicted real 
signal switchings, because not every prediction may contain a probability change crossing the green time threshold 
of 70 %. For a short-term time horizon of 10 s, all predicted red times are accurate but not all real red times are 
predicted. All in all, the prediction performance approximates the criteria for the countdown signal and start-stop 
assistant use cases. 
 
 
Figure 4 Prediction continuity (signal group 11, intersection “K071”) 
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4. Summary/conclusion 
Some C2I oriented assistance functions like GLOSA, countdown signals and a start-stop assistant need to know 
about future signal timings. In urban areas, GLOSA is of interest only if one can predict the signal state up to 40 s 
from now. Erroneously predicted early green times bear the risk of accidents and have to be avoided. Once the 
requirements have been derived from the assistance functions, the tested Markov chain based prediction algorithm 
has been checked against the requirement levels. The switching time difference and the prediction continuity are 
important metrics by which the method has been evaluated. 
The evaluation consists of a microscopic traffic simulation with two observed signalized intersections creating 
the input data for the prediction method. One of the modeled adaptive traffic controls uses mainly public transport 
preemption while the other focusses on private transport. The first version of the prediction method neglects useful 
information like maximum/minimum signal stage durations. This is why it performs worse than the further 
developed version when it comes to short-term predictions up to 10 seconds. However, none of them meets all the 
requirement levels defined previously. The start-stop assistant and the countdown signal to a lesser extent may work 
with the realized prediction quality. In general, public transport preemption is known longer in advance than other 
parameters of adaptive traffic control and therefore is easier to predict. Complex interdependencies between signal 
stages due to time gap oriented signal stage durations complicate the correct prediction of the signal switching time. 
This study has used assumptions and theoretical approaches in general to derive requirement levels for C2I 
driving assistance functions. Besides further prediction improvement, a validation of the evaluation criteria by other 
than theoretical means would emphasize the findings of this study. Especially the risk created by erroneous 
predictions remains unclear for the time being. 
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